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Abstract: Considering the impact of multi-factor coupling in the power market on power price forecasting,
a power market price forecasting model based on long-short term memory (LSTM) neural network was es-
tablished. The historical new energy output, power transmission, power load and other factors affecting
the power supply and demand relationship were set as the boundary factors of LSTM learning parameters,
and data preprocessing was carried out. The model parameters of LSTM neural network, including the
number of layers, iteration times and learning rate, were optimized to generate a training model for elec-
tricity price forecasting, which was then used to forecast the electricity price curves for trading days. The
correctness of the proposed method was verified through example simulation, a prediction scenario for elec-
tricity trading in a spot market province was constructed, and the evaluation indicators of power price fore-
casting accuracy were introduced. The results indicate that this method provides a reference for research on
day-ahead clearing price prediction and offers market participants in the electricity market effective bidding
strategies to achieve substantial marketing revenue.
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Fig. 1 The ranking of marginal costs for different units
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Fig. 2 Clearing model
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Fig. 4 Structural model of LSTM neural network
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Tab.2 Optimization indicators of prediction model network
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Fig. 5 Results predicted by the train model with two network layers
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Fig. 6 Results predicted by the train model with four network layers
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